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Abstract
The first 2+ excited states of the nucleus directly reflect the interaction between the shell structure and the nucleus, providing 
insights into the validity of the shell model and nuclear structure characteristics. Although the features of the first 2+ excited 
states can be measured for stable nuclei and calculated using nuclear models, significant uncertainty remains. This study 
employs a machine learning model based on a light gradient boosting machine (LightGBM) to investigate the first 2+ excited 
states. Specifically, the training of the LightGBM algorithm and the prediction of the first 2 + properties of 642 nuclei are 
presented. Furthermore, detailed comparisons of the LightGBM predictions were performed with available experimental 
data, shell model calculations, and Bayesian neural network predictions. The results revealed that the average difference 
between the LightGBM predictions and the experimental data was 18 times smaller than that obtained by the shell model 
and only 70% of the BNN prediction results. Considering Mg, Ca, Kr, Sm, and Pb isotopes as examples, it was also observed 
that LightGBM can effectively reproduce the magic number mutation caused by shell effects, with the energy being as low as 
0.04 MeV due to shape coexistence. Therefore, we believe that leveraging LightGBM-based machine learning can profoundly 
enhance our insights into nuclear structures and provide new avenues for nuclear physics research.
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1 Introduction

The study of excited states in atomic nuclei is a signifi-
cant area of research in nuclear physics, aimed at elucidat-
ing the internal structure and interactions of nuclei. The 
energy level scheme of nuclear states is crucial for under-
standing nuclear structures and explaining nuclear reaction 
processes [1, 2]. It also provides essential insights into 
nuclear synthesis processes in celestial environments [3, 
4]. Particularly for the first 2 + states of even-even nuclei, 
these nuclear properties yield valuable information regard-
ing the evolution of nuclear characteristics and shell mod-
els. Accurate knowledge of these properties is vital for 
the continued advancement of nuclear model calculations 
and for the theoretical understanding of many intriguing 
phenomena in the quantum realm. However, the study 
of excited states presents a series of challenges. Exper-
imentally, the scarcity of certain nuclear states and the 
complexities associated with experimental measurements 
necessitate overcoming technical limitations and enhanc-
ing measurement accuracy. Additionally, careful control 
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over data processing and analysis is essential to ensure 
the reliability of the experimental results. Theoretically, 
the accurate modeling and calculation of multibody inter-
actions remain a complex issue that requires balancing 
simulation accuracy with computational efficiency. Thus 
far, various models have been developed to investigate the 
excited-state properties of atomic nuclei, considering dif-
ferent physical factors, such as the Shell Model (SM) [5, 
6], Collective Model (CM) [7–10], Collective Shell Model 
[11], and Density Functional Theory (DFT) [12, 13], and 
the Interaction Shell Model (ISM) [14]. Although these 
models offer various perspectives for understanding the 
excited-state properties of atomic nuclei, each model has 
its limitations under different conditions. Consequently, 
exploring the energy of the first 2+ states of atomic nuclei 
on a large scale remains a significant challenge.

Machine learning can extract valuable features and pat-
terns from diverse types of data and has been widely applied 
across various fields. As important branches of machine 
learning, neural networks and decision trees have long 
played crucial roles in predictive modeling, providing effec-
tive solutions for numerous tasks. In the domain of nuclear 
physics, machine learning holds significant potential for 
addressing both theoretical and experimental challenges 
[15–19]. For instance, these methods have been successfully 
utilized to predict nuclear mass [20–30], binding energies 
[31], particle physics [32], phase transitions [33], neutron 
star observables [34], fission fragments [35–38], half-life 
[39–42], ground state energy [43, 44], charge radius [45–47], 
giant resonance parameters [48], and reaction cross sections 
[49, 50].

In fact, studying the first 2+ states using machine learning 
algorithms is not a new topic. In 2020, Akkoyun et al.  [51] 
employed neural networks and found that their trained 
models achieved slightly more accurate energy values than 
those obtained from the shell model (SM). In 2022, Wang 
et al. [52] utilized a Bayesian neural network (BNN) to 
derive a more precise low excitation energy over a broad 
energy range, successfully reproducing experimental data 
within approximately 1.12 times that range. With the rapid 
advancements in computer science and artificial intelligence, 
a variety of sophisticated machine learning algorithms have 
emerged. Among these, LightGBM [53], developed by 
Microsoft in 2016, is an efficient gradient boosting frame-
work based on decision tree algorithms. It has been widely 
adopted in various machine learning tasks, demonstrating 
strong performance. Its advantages include: (1) rapid train-
ing speed, (2) improved accuracy in capturing nonlinear 
relationships in the data, (3) enhanced handling of large-
scale datasets, and (4) a significant reduction in memory 
usage. Based on the findings of Gao et al. [20], who used 
LightGBM to enhance the theoretical atomic nuclei mass 
model, investigating the application of LightGBM to predict 

the energy of the first 2 + states presents a promising area of 
research.

This study investigates the reasonable prediction of the 
first 2+ states of nuclei using LightGBM-based machine 
learning. In Sect. 2, we describe the construction of the 
LightGBM algorithm and its functionality. Section 3 pre-
sents the training process of the LightGBM algorithm and 
its predictions regarding the first 2+ properties of 642 nuclei. 
Additionally, we conducted a detailed comparison of the 
LightGBM predictions with available experimental data and 
shell model calculations, validating both the robustness of 
the LightGBM algorithm and its predictive accuracy. A sum-
mary and outlook are provided in Sect. 4.

2  Methodology

In this section, we discuss the working principle of the 
LightGBM algorithm and how it can be utilized to construct 
a model for predicting the first 2+ states.

LightGBM is an efficient gradient boosting framework 
based on a decision tree algorithm that uses a gradient boost-
ing decision tree (GBDT) as the basic model, gradually con-
structs multiple decision trees, and combines their prediction 
results to improve the overall performance of the model. The 
specific architecture of LightGBM is illustrated in Fig. 1. 
Once the organized training data is input, features from dif-
ferent groups are separated, recombined, and bundled for 
training to create GBDT histograms. Following data paral-
lelism and number-theory iterations under defined hyperpa-
rameter settings, the final model is evaluated by verifying its 
root mean square error.

For the dataset, the energies of the first 2 + states of 642 
atomic nuclei, ranging from 4 He to 256Rf, as reported in Ref. 
[54] (see Fig. 2), were used for training and testing Light-
GBM to identify the functional patterns between energy 
and various nuclear characteristics. For each nucleus, we 

Fig. 1  The architecture of the LightGBM



Prediction of the first 2+ states properties for atomic nuclei using light gradient boost… Page 3 of 8 21

selected five physical quantities (see Table 1) as input fea-
tures. Given the relationship between excitation energy and 
nuclear shell structure, |Z − m| and |N − m| are considered, 
representing the distances between the number of protons 
and neutrons, respectively, and the nearest magic number. 
The parameter �2 describes the quadrupole deformation of 
a nucleus, indicating the extent to which the nucleus transi-
tions from a spherical to an ellipsoidal shape. The specific 
formula [54] is:

where B(E2) is the reduced rate of electric quadrupole tran-
sition from ground state to 2 + state given by:

For the current LightGBM parameter settings, the value 
of num_leaves (i.e., the maximum number of leaves allowed 
per tree; an increase in the number of leaves adds complexity 
to the model) is set to 48. The learning_rate (the step size for 
each iteration; a lower learning rate typically enhances the 
model’s generalization ability) is set at 0.05, and num_round 
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(i.e., the maximum number of iterations allowed for Light-
GBM model training, indicating the intensity of model 
training) is 500. Other parameters are generally set to their 
default values, as altering them does not significantly affect 
the results. During the training process, LightGBM gen-
erates a decision tree based on the relationships between 
the features of the training set and E(2+

1
 ). Tenfold cross-

validation is employed to evaluate the model by dividing 
the original dataset into 10 equally sized subsamples, which 
helps prevent overfitting and selection bias. After training, 
the model makes predictions using a test set, with each 
atomic nucleus in the test set navigating the decision tree 
created during training [20]. Each decision tree contributes 
to the predicted values based on the feature quantities of 
each nucleus, and the final predicted value is the sum of the 
contributions from all the trees.

3  Results and discussion

In this section, LightGBM is trained to learn the functional 
patterns between the first 2+ state energies and various 
nuclear properties. The excitation energies of 646 nuclei 
between 4 He and 256Rf, obtained in Ref. [54], are utilized in 
this study. These nuclei are divided into training and testing 
datasets. It is important to note that four data points with 
energy values exceeding 5000 keV are excluded from the 
analysis, as these unusually high values are rare in the data-
set. Consequently, the total number of samples used in the 
present LightGBM study is 642.

First, the effect of training size on the predicted excita-
tion energy was examined, as depicted in Fig. 2. 128, 321, 
and 514 nuclei (approximately 20%, 50%, and 80% of the 
total 642 nuclei, respectively) were randomly selected to 
construct the training sets. It can be observed that for atomic 
nuclei with proton and neutron numbers less than the magic 
number 50, the average excitation energy was higher, at 
approximately 1115 keV. In contrast, for atomic nuclei with 
proton and neutron numbers greater than the magic number 
50, the average excitation energy was significantly lower, 
around 399 keV. This difference may be attributed to the 

Fig. 2  (Color online) Locations 
of the training dataset with 642 
cores from Ref. [54], including 
20% (a), 50% (b), and 80% (c), 
in the N-Z plane. Energies of 
2
+

1
 states E(2+

1
) for even-even 

Z=2–104 nuclei, in keV

Table 1  Selection of characteristic quantities

Features Description

Z Proton number
N Neutron number
�
2

Quadrupole deformation parameter
|Z − m| The distance between the num-

ber of protons in nucleus and 
the nearest magic number; 
m ∈ {8, 20, 28, 50, 82, 126}

|N − m| The distance between the num-
ber of neutrons in nucleus and 
the nearest magic number; 
m ∈ {8, 20, 28, 50, 82, 126, 184}
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filling of lower energy levels in the shell structure when 
the number of protons and neutrons is below 50, requiring 
higher energy to excite the nucleus to higher energy lev-
els. Conversely, when the number of protons and neutrons 
exceeds 50, the deformation and collective motion modes 
of the nucleus increase, resulting in decreased shell spacing 
and consequently lower excitation energies.

Based on the aforementioned analysis, we adopted three 
uniformly random training sets with different segmenta-
tion ratios to train the LightGBM model and calculated 
the RMSE for each group over the training rounds. The 
results are presented in Fig. 3. As the number of training 
rounds increased, the RMSE gradually converged to a cer-
tain value. Additionally, as the training ratio increased, the 
RMSE tended to decrease. During the initial stages of model 
training, optimizing model parameters using only the train-
ing set ensured a gradual decrease in error on the training 
data. However, this approach does not accurately reflect the 
model’s generalization ability to unseen data. To address 
this, we introduced a validation set to monitor the model’s 
performance in real time with unseen data. By plotting the 
RMSD curves for both the training and validation sets, we 
can intuitively evaluate the model’s learning performance 
and identify any potential overfitting, thereby optimizing its 
overall performance and generalization ability. As shown 
in Fig. 4, during the initial stage of training, the prediction 
accuracy on the validation set continued to improve, as indi-
cated by a gradual decrease in the RMSD value. However, as 
the training rounds reached between 500 and 1000, the loss 
curve for the validation set began to increase slowly, sug-
gesting a slight deviation from optimal generalization per-
formance. Consequently, we recommend using 500 training 

rounds as a suitable number for the current model to effec-
tively avoid both overfitting and underfitting.

To further evaluate the predictive capability of Light-
GBM across different nuclear regions, Fig. 5 presents the 
predicted energies for the first 2+ states of the Mg, Ca, Kr, 
Sm, and Pb isotope chains. While the BNN [52] offers a 
reasonable description of these isotopes, its quantitative 
accuracy can still be improved. Notably, the BNN tends 
to overestimate the 2+ state energies of Mg isotopes while 
underestimating those of Ca isotopes. In contrast, the Light-
GBM predictions not only effectively replicated the trends 
observed in the isotopes but also captured the magic number 
mutations caused by shell effects more accurately, aligning 
closely with experimental measurements.

The Mg isotope chain is a typical light isotope series that 
transitions from a spherical nucleus to a deformed nucleus. 
When the neutron number N reaches 20, the phenomenon of 
“magic number disappearance” in the shell model begins to 
manifest, leading to the formation of the so-called “deforma-
tion island”. Due to the significant deformation of atomic 
nuclei that deviates from spherical symmetry, traditional 
shell models can no longer accurately describe nuclear 
structures. In this context, LightGBM offers a more com-
plex and effective description of atomic nuclei in inversion 
islands, outperforming the BNN method. For the Mg iso-
tope chain, the traditional magic number N =28 for 40 Mg is 
situated close to the drip-line nucleus. The predicted ener-
gies of the first 2+ states in this isotope chain are illustrated 
in Fig. 5a, with recent experimental data [55] provided for 
comparison. The results from LightGBM demonstrate better 
agreement with the experimental values than those from the 
BNN method. In the Ca isotope chain, LightGBM effectively 
reproduces the shell effects at N = 20 and 28, as well as its 
sub-shell effect at N = 32 , as shown in Fig. 5b. For the Kr 

Fig. 3  (Color online) RMSE loss decline curve of each group over 
for 3000 training rounds, with 642 nuclei in the training set randomly 
divided into 20% (blue), 50% (orange), and 80% (green) of the dataset

Fig. 4  Variation curves of RMSD of training set (blue curve) and val-
idation set (red curve) with the number of training round
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and Pb isotopes, the existence of shape coexistence leads 
to very low first 2 + state energies in the neutron-deficient 
region. Additionally, LightGBM accurately predicts experi-
mental values in the neutron-rich region, particularly near 
the magic numbers N = 50 and 126. For the Sm isotopes in 
the medium-heavy nucleus region, when N approaches 90, 
the observed energy drops to as low as 0.04 MeV due to 
deformation characteristics, which are successfully repro-
duced by the LightGBM. These comparisons validate the 
robustness and accuracy of LightGBM’s predictions.

Based on the qualitative constraints discussed above, a 
more specific, intuitive, and analytically quantitative expres-
sion is obtained to quantify the differences between the mod-
els. Therefore, we present the differences between the first 
2+ states predicted by LightGBM and the corresponding 
experimental data in Fig. 6. For comparison, we also include 
differences between the shell model [54] calculations and the 
BNN results [52]. It is evident that when the charge number 
Z reaches 30, the shell model provides limited computational 
results. Overall, LightGBM not only accurately reproduces 
the experimental results in the light nucleus region but also 
in the medium-heavy nucleus region. The calculated results 
for transition and magic nuclei align well with experimental 
data, demonstrating more consistent and stable outcomes 
compared to the BNN.

To better assess the accuracy and stability of LightGBM 
in predicting the first 2+ state energies, we plotted histo-
grams of the differences between the predictions from the 
shell model, BNN, and LightGBM against the experimental 
values, as shown in Fig. 7. The average difference between 
the shell model calculations and the experimental values 
for 90 nuclei (see Ref. [54]) is 0.091 MeV, with a standard 
deviation of 0.17 MeV. In contrast, the average difference 
between the BNN calculations and the experimental val-
ues for 630 nuclei is 0.007 MeV, with a standard deviation 
of 0.12 MeV. For LightGBM, the average difference from 
the experimental values across 642 nuclei is 0.005 MeV, 

accompanied by a standard deviation of 0.10 MeV. Given 
that LightGBM exhibits both a lower average difference 
and standard deviation, we conclude that it provides more 
accurate and consistent results. This further reinforces the 
reliability of LightGBM as a machine learning method for 
predicting the first 2 + states energies.

In addition to predicting the first 2+ state energies, we 
investigated the sensitivity of the LightGBM model to input 
parameters, which can enhance both the interpretability [20] 
and transparency of the model. To achieve this, we employed 
the popular SHAP [56] (SHapley Additive exPlanations) 

Fig. 5  Energies of the first 2 + states on Mg, Ca, Kr, Sm, and Pb isotope chains, with blue dots representing experimental values, red squares rep-
resenting BNN, purple pentagons representing Shell model and green triangles representing LGBM

Fig. 6  (Color online) Difference between the theoretical excitation 
energy obtained from Shell Model (blue diamond), BNN(red dia-
mond), LightGBM (green diamond) and the experimental excitation 
energy
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feature attribute method to interpret the LightGBM model. 
SHAP is an explanatory method grounded in cooperative 
game theory, designed to quantify the contribution of each 
feature to the predictions made by machine learning models. 
The core principle of SHAP is to allocate feature contribu-
tions by calculating Shapley values, thereby ensuring fair-
ness and consistency in interpretation. Key characteristics 
of SHAP include the provision of unique and interpretable 
contribution values for each feature, as well as its compat-
ibility with various model types, including tree-based mod-
els and neural networks.

Given a feature set F and model prediction function f (x) , 
the SHAP value �

i
 of a certain feature i is defined as

where S is a subset of the feature set that does not contain 
features i , |S| represents the size of the set S , and F is the 
complete set of all features. This formula calculates the 
weighted average of the marginal contribution of the added 
feature i to the model prediction for all possible feature 
combinations.

(4)𝜙
i
=

∑

S⊆F⧵{i}

|S|! (|F| − |S| − 1)!

|F|!

[

f (S ∪ {i}) − f (S)
]

,

Figure 8 shows the ranking of the importance of five 
sets of features. The top N and |N − m| are the most criti-
cal parameters for predicting the first 2+-state energies. The 
red and blue points correspond to the high- and low-end 
parts of the feature values, respectively. The dots are more 
enriched between −0.5 and 0.3, with only approximately 2% 
of the light nuclei in the total dataset showing a bias. Similar 
behavior was observed in the experimental data and BNN 
predictions. In future, we expect to enlarge the prediction 
horizon either when sufficient experimental data are avail-
able for the light nuclear region or by studying different 
nuclear regions separately.

4  Summary

The properties of the first 2+ excited states are crucial for 
understanding nuclear structure. This study employed a 
LightGBM-based machine learning model to investigate 
the first 2+ states across 642 nuclei. Several features of 
atomic nuclei were considered as inputs to predict the 2+ 
state energies. The LightGBM predictions were explicitly 
compared with available experimental data, shell model cal-
culations, and BNN method predictions. Notably, the dif-
ference between the LightGBM predictions and the average 
experimental data was 18 times smaller than that obtained 
using the shell model and only 70% of the BNN prediction 
results. We demonstrated that LightGBM effectively repro-
duces the magic number mutations caused by shell effects, 
with energies as low as 0.04 MeV due to shape coexistence. 
The results for transition and magic nuclei showed excellent 
agreement with experimental data. These findings not only 
enhance existing predictive models but also pave the way 
for future machine learning applications in nuclear phys-
ics, allowing for a more nuanced understanding of nuclear 
structure and excitation energies.

Fig. 7  (Color online) Density distribution of the difference between 
experimental and model output. Blue color histogram bar represents 
the Shell Model, red denotes BNN, while green indicates the Light-
GBM

Fig. 8  (Color online) The importance ranking of the five input fea-
tures obtained by the SHAP explained LightGBM model is presented, 
and the x-axis of the graph represents the SHAP value, indicating the 
importance of the features for specific predictions. Each point repre-
sents a nucleus, and the color changes from red (high eigenvalue) to 
blue (low eigenvalue)



Prediction of the first 2+ states properties for atomic nuclei using light gradient boost… Page 7 of 8 21

Author contributions All authors contributed to the study conception 
and design. Material preparation, data collection and analysis were 
performed by Xin-Xiang Li, Yun Yuan and Yi Xu. The first draft of 
the manuscript was written by Hui Liu and Wen Luo, and all authors 
commented on previous versions of the manuscript. All authors read 
and approved the final manuscript.

Data availability The data that support the findings of this study are 
openly available in Science Data Bank at https:// cstr. cn/ 31253. 11. scien 
cedb. j00186. 00423 and https:// doi. org/ 10. 57760/ scien cedb. j00186. 
00423.

Declarations 

Conflict of interest The authors declare that they have no conflict of 
interest.

References

 1. T. Otsuka, T. Suzuki, R. Fujimoto et al., Evolution of nuclear 
shells due to the tensor force. Phys. Rev. Lett. 95, 232502 (2005). 
https:// doi. org/ 10. 1103/ PhysR evLett. 95. 232502

 2. M. Bender, P.H. Heenen, P.G. Reinhard, Self-consistent mean-
field models for nuclear structure. Rev. Mod. Phys. 75, 121–180 
(2003). https:// doi. org/ 10. 1103/ RevMo dPhys. 75. 121

 3. W.A. Fowler, G.R. Caughlan, B.A. Zimmerman, Thermonuclear 
reaction rates. Astron. Astrophys. Rev. 5, 525–570 (1967). https:// 
doi. org/ 10. 1146/ annur ev. aa. 05. 090167. 002521

 4. C.E. Rolfs, W.S. Rodney, Cauldrons in the cosmos: nuclear astro-
physics (University of Chicago Press, Chicago, 1988)

 5. M. Goeppert Mayer, On closed shells in nuclei. II. Phys. Rev. 75, 
1969–1970 (1949). https:// doi. org/ 10. 1103/ PhysR ev. 75. 1969

 6. O. Haxel, J.H.D. Jensen, H.E. Suess, On the “magic numbers’’ in 
nuclear structure. Phys. Rev. 75, 1766–1766 (1949). https:// doi. 
org/ 10. 1103/ PhysR ev. 75. 1766.2

 7. A. Bohr, B. Mottelson, Collective and individual-particle aspects 
of nuclear structure, in Proceedings (1953). https:// api. seman ticsc 
holar. org/ Corpu sID: 11882 0787

 8. A. Bohr, B. Mottelson, Nuclear structure, Volume II: nuclear 
deformations (1975). https:// api. seman ticsc holar. org/ Corpu sID: 
11727 1202

 9. A. N. Bohr, B. R. Mottelson, Nuclear structure (In 2 Volumes). 
World Scientific Publishing Company (1998). https:// books. 
google. com/ books? id= NNZQD QAAQB AJ

 10. A. Bohr, B.R. Mottelson, D. Pines, Possible analogy between 
the excitation spectra of nuclei and those of the superconducting 
metallic state. Phys. Rev. 110, 936–938 (1958). https:// doi. org/ 10. 
1103/ PhysR ev. 110. 936

 11. F. Iachello, A. Arima, The Interacting Boson Model. Cambridge 
Monographs on Mathematical Physics (Cambridge University 
Press, Cambridge, 1987)

 12. P. Hohenberg, W. Kohn, Inhomogeneous electron Ga. Phys. Rev. 
136, B864–B871 (1964). https:// doi. org/ 10. 1103/ PhysR ev. 136. 
B864

 13. W. Kohn, L.J. Sham, Self-consistent equations including exchange 
and correlation effects. Phys. Rev. 140, A1133–A1138 (1965). 
https:// doi. org/ 10. 1103/ PhysR ev. 140. A1133

 14. E. Caurier, G. Martínez-Pinedo, F. Nowacki et al., The shell model 
as a unified view of nuclear structure. Rev. Mod. Phys. 77, 427–
488 (2005). https:// doi. org/ 10. 1103/ RevMo dPhys. 77. 427

 15. W. He, Q. Li, Z. Niu et al., Machine learning in nuclear physics 
at low and intermediate energies. Sci. China Phys. Mech. Astron. 
66, 282001 (2023). https:// doi. org/ 10. 1007/ s11433- 023- 2116-0

 16. Y. Wang, Q. Li, Machine learning transforms the inference of the 
nuclear equation of state. Front. Phys. 18, 64402 (2023). https:// 
doi. org/ 10. 1007/ s11467- 023- 1313-3

 17. G. Carleo, I. Cirac, K. Cranmer et al., Machine learning and the 
physical sciences. Rev. Mod. Phys. 91, 045002 (2019). https:// doi. 
org/ 10. 1103/ RevMo dPhys. 91. 045002

 18. A. Boehnlein, M. Diefenthaler, N. Sato et  al., Colloquium: 
machine learning in nuclear physics. Rev. Mod. Phys. 94, 031003 
(2022). https:// doi. org/ 10. 1103/ RevMo dPhys. 94. 031003

 19. W.B. He, Q.F. Li, Y.G. Ma et al., Machine learning in nuclear 
physics at low and intermediate energies. Sci. China Phys. 
Mech. Astron. 66, 282001 (2023). https:// doi. org/ 10. 1007/ 
s11433- 023- 2116-0

 20. Z.-P. Gao, Y.-J. Wang, H.-L. Lv et al., Machine learning the 
nuclear mass. Nucl. Sci. Tech. 108, 32 (2021). https:// doi. org/ 10. 
1007/ s41365- 021- 00956-1

 21. M.R. Mumpower, T.M. Sprouse, A.E. Lovell et al., Physically 
interpretable machine learning for nuclear masses. Phys. Rev. C 
106, L021301 (2022). https:// doi. org/ 10. 1103/ PhysR evC. 106. 
L0213 01

 22. A.E. Lovell, A.T. Mohan, T.M. Sprouse et al., Nuclear masses 
learned from a probabilistic neural network. Phys. Rev. C 106, 
014305 (2022). https:// doi. org/ 10. 1103/ PhysR evC. 106. 014305

 23. H.F. Zhang, L.H. Wang, J.P. Yin et al., Performance of the Leven-
berg-Marquardt neural network approach in nuclear mass predic-
tion. J. Phys. G Nucl. Part. Phys. 44, 045110 (2017). https:// doi. 
org/ 10. 1088/ 1361- 6471/ aa5d78

 24. Z.M. Niu, H.Z. Liang, Nuclear mass predictions based on Bayes-
ian neural network approach with pairing and shell effects. Phys. 
Lett. B 778, 48–53 (2018). https:// doi. org/ 10. 1016/j. physl etb. 
2018. 01. 002

 25. R. Utama, J. Piekarewicz, Refining mass formulas for astrophysi-
cal applications: a Bayesian neural network approach. Phys. Rev. 
C 96, 044308 (2017). https:// doi. org/ 10. 1103/ PhysR evC. 96. 
044308

 26. C.-Q. Li, C.-N. Tong, H.-J. Du et al., Deep learning approach to 
nuclear masses and �-decay half-lives. Phys. Rev. C 105, 064306 
(2022). https:// doi. org/ 10. 1103/ PhysR evC. 105. 064306

 27. Z.M. Niu, H.Z. Liang, Nuclear mass predictions with machine 
learning reaching the accuracy required by r-process studies. Phys. 
Rev. C 106, L021303 (2022). https:// doi. org/ 10. 1103/ PhysR evC. 
106. L0213 03

 28. Z.M. Niu, H.Z. Liang, B.H. Sun et al., High precision nuclear 
mass predictions towards a hundred kilo-electron-volt accuracy. 
Sci. Bull. 63, 759–764 (2018). https:// doi. org/ 10. 1016/j. scib. 2018. 
05. 009

 29. Z.M. Niu, J.Y. Fang, Y.F. Niu, Comparative study of radial basis 
function and Bayesian neural network approaches in nuclear mass 
predictions. Phys. Rev. C 100, 054311 (2019). https:// doi. org/ 10. 
1103/ PhysR evC. 100. 054311

 30. M. Carnini, A. Pastore, Trees and forests in nuclear physics. J. 
Phys. G Nucl. Part. Phys. 47, 082001 (2020). https:// doi. org/ 10. 
1088/ 1361- 6471/ ab92e3

 31. Z.Y. Yuan, D. Bai, Z. Wang et al., Reliable calculations of nuclear 
binding energies by the Gaussian process of machine learn-
ing. Nucl. Sci. Tech. 35, 105 (2024). https:// doi. org/ 10. 1007/ 
s41365- 024- 01463-9

 32. A.S. Cornell, W. Doorsamy, B. Fuks et al., Boosted decision trees 
in the era of new physics: a smuon analysis case study. J. High 
Energy Phys. 2022, 15 (2022). https:// doi. org/ 10. 1007/ JHEP0 
4(2022) 015

 33. Y.G. Ma, L.G. Pang, R. Wang et al., Phase transition study meets 
machine learning. Chin. Phys. Lett. 40, 122101 (2023). https:// 
doi. org/ 10. 1088/ 0256- 307X/ 40/ 12/ 122101

 34. J. Zhou, J. Xu, Bayesian inference of neutron-skin thickness and 
neutron-star observables based on effective nuclear interactions. 

https://cstr.cn/31253.11.sciencedb.j00186.00423
https://cstr.cn/31253.11.sciencedb.j00186.00423
https://doi.org/10.57760/sciencedb.j00186.00423
https://doi.org/10.57760/sciencedb.j00186.00423
https://doi.org/10.1103/PhysRevLett.95.232502
https://doi.org/10.1103/RevModPhys.75.121
https://doi.org/10.1146/annurev.aa.05.090167.002521
https://doi.org/10.1146/annurev.aa.05.090167.002521
https://doi.org/10.1103/PhysRev.75.1969
https://doi.org/10.1103/PhysRev.75.1766.2
https://doi.org/10.1103/PhysRev.75.1766.2
https://api.semanticscholar.org/CorpusID:118820787
https://api.semanticscholar.org/CorpusID:118820787
https://api.semanticscholar.org/CorpusID:117271202
https://api.semanticscholar.org/CorpusID:117271202
https://books.google.com/books?id=NNZQDQAAQBAJ
https://books.google.com/books?id=NNZQDQAAQBAJ
https://doi.org/10.1103/PhysRev.110.936
https://doi.org/10.1103/PhysRev.110.936
https://doi.org/10.1103/PhysRev.136.B864
https://doi.org/10.1103/PhysRev.136.B864
https://doi.org/10.1103/PhysRev.140.A1133
https://doi.org/10.1103/RevModPhys.77.427
https://doi.org/10.1007/s11433-023-2116-0
https://doi.org/10.1007/s11467-023-1313-3
https://doi.org/10.1007/s11467-023-1313-3
https://doi.org/10.1103/RevModPhys.91.045002
https://doi.org/10.1103/RevModPhys.91.045002
https://doi.org/10.1103/RevModPhys.94.031003
https://doi.org/10.1007/s11433-023-2116-0
https://doi.org/10.1007/s11433-023-2116-0
https://doi.org/10.1007/s41365-021-00956-1
https://doi.org/10.1007/s41365-021-00956-1
https://doi.org/10.1103/PhysRevC.106.L021301
https://doi.org/10.1103/PhysRevC.106.L021301
https://doi.org/10.1103/PhysRevC.106.014305
https://doi.org/10.1088/1361-6471/aa5d78
https://doi.org/10.1088/1361-6471/aa5d78
https://doi.org/10.1016/j.physletb.2018.01.002
https://doi.org/10.1016/j.physletb.2018.01.002
https://doi.org/10.1103/PhysRevC.96.044308
https://doi.org/10.1103/PhysRevC.96.044308
https://doi.org/10.1103/PhysRevC.105.064306
https://doi.org/10.1103/PhysRevC.106.L021303
https://doi.org/10.1103/PhysRevC.106.L021303
https://doi.org/10.1016/j.scib.2018.05.009
https://doi.org/10.1016/j.scib.2018.05.009
https://doi.org/10.1103/PhysRevC.100.054311
https://doi.org/10.1103/PhysRevC.100.054311
https://doi.org/10.1088/1361-6471/ab92e3
https://doi.org/10.1088/1361-6471/ab92e3
https://doi.org/10.1007/s41365-024-01463-9
https://doi.org/10.1007/s41365-024-01463-9
https://doi.org/10.1007/JHEP04(2022)015
https://doi.org/10.1007/JHEP04(2022)015
https://doi.org/10.1088/0256-307X/40/12/122101
https://doi.org/10.1088/0256-307X/40/12/122101


 H. Liu et al.21 Page 8 of 8

Sci. China Phys. Mech. Astron. 67, 282011 (2024). https:// doi. 
org/ 10. 1007/ s11433- 024- 2406-4

 35. C.Y. Qiao, J.C. Pei, Z.A. Wang et al., Bayesian evaluation of 
charge yields of fission fragments of 239U . Phys. Rev. C 103, 
034621 (2021). https:// doi. org/ 10. 1103/ PhysR evC. 103. 034621

 36. Z.-A. Wang, J. Pei, Y. Liu et al., Bayesian evaluation of incom-
plete fission yields. Phys. Rev. Lett. 123, 122501 (2019). https:// 
doi. org/ 10. 1103/ PhysR evLett. 123. 122501

 37. Z.A. Wang, J.C. Pei, Y.J. Chen et al., Bayesian approach to het-
erogeneous data fusion of imperfect fission yields for augmented 
evaluations. Phys. Rev. C 106, L021304 (2022). https:// doi. org/ 
10. 1103/ PhysR evC. 106. L0213 04

 38. A.E. Lovell, A.T. Mohan, P. Talou, Quantifying uncertainties on 
fission fragment mass yields with mixture density networks. J. 
Phys. G Nucl. Part. Phys. 47, 114001 (2020). https:// doi. org/ 10. 
1088/ 1361- 6471/ ab9f58

 39. D. Wu, C.L. Bai, H. Sagawa et al., �-delayed one-neutron emission 
probabilities within a neural network model. Phys. Rev. C 104, 
054303 (2021). https:// doi. org/ 10. 1103/ PhysR evC. 104. 054303

 40. Z.M. Niu, H.Z. Liang, B.H. Sun et al., Predictions of nuclear �
-decay half-lives with machine learning and their impact on r
-process nucleosynthesis. Phys. Rev. C 99, 064307 (2019). https:// 
doi. org/ 10. 1103/ PhysR evC. 99. 064307

 41. B.S. Cai, C.X. Yuan, Random forest-based prediction of decay 
modes and half-lives of superheavy nuclei. Nucl. Sci. Tech. 34, 
204 (2023). https:// doi. org/ 10. 1007/ s41365- 023- 01354-5

 42. Y.F. Gao, B.S. Cai, C.X. Yuan, Investigation of �−-decay half-life 
and delayed neutron emission with uncertainty analysis. Nucl. Sci. 
Tech. 34, 9 (2023). https:// doi. org/ 10. 1007/ s41365- 022- 01153-4

 43. W.G. Jiang, G. Hagen, T. Papenbrock, Extrapolation of nuclear 
structure observables with artificial neural networks. Phys. Rev. 
C 100, 054326 (2019). https:// doi. org/ 10. 1103/ PhysR evC. 100. 
054326

 44. G. A. Negoita, G. R. Luecke, J. P. Vary et al., Deep learning: a 
tool for computational nuclear physics. arXiv, 2018. arXiv: 1803. 
03215

 45. R. Utama, W.C. Chen, J. Piekarewicz, Nuclear charge radii: den-
sity functional theory meets Bayesian neural networks. J. Phys. 
G Nucl. Part. Phys. 43, 114002 (2016). https:// doi. org/ 10. 1088/ 
0954- 3899/ 43/ 11/ 114002

 46. D. Wu, C.L. Bai, H. Sagawa et al., Calculation of nuclear charge 
radii with a trained feed-forward neural network. Phys. Rev. C 
102, 054323 (2020). https:// doi. org/ 10. 1103/ PhysR evC. 102. 
054323

 47. Y. Ma, C. Su, J. Liu et al., Predictions of nuclear charge radii and 
physical interpretations based on the naive Bayesian probability 

classifier. Phys. Rev. C 101, 014304 (2020). https:// doi. org/ 10. 
1103/ PhysR evC. 101. 014304

 48. J.H. Bai, Z.M. Niu, B.Y. Sun et al., The description of giant dipole 
resonance key parameters with multitask neural networks. Phys. 
Lett. B 815, 136147 (2021). https:// doi. org/ 10. 1016/j. physl etb. 
2021. 136147

 49. C.W. Ma, D. Peng, H.L. Wei et al., Isotopic cross-sections in 
proton induced spallation reactions based on the Bayesian neural 
network method. Chin. Phys. C 44, 014104 (2020). https:// doi. org/ 
10. 1088/ 1674- 1137/ 44/1/ 014104

 50. Z. Gao, S. Liu, P. Wen et al., Constraining the Woods-Saxon 
potential in fusion reactions based on the neural network. Phys. 
Rev. C 109, 024601 (2024). https:// doi. org/ 10. 1103/ PhysR evC. 
109. 024601

 51. K. Akkoyun, Y. Torun, Estimations of first 2+ energy states of 
even-even nuclei by using artificial neural networks. Indian 
J. Phys. 96, 1791–1797 (2020). https:// doi. org/ 10. 1007/ 
s12648- 021- 02099-w

 52. Y.F. Wang, X.Y. Zhang, Z.M. Niu et al., Study of nuclear low-
lying excitation spectra with the Bayesian neural network 
approach. Phys. Lett. B 830, 137154 (2022). https:// doi. org/ 10. 
1016/j. physl etb. 2022. 137154

 53. G.L. Ke, Q. Meng, T. Finley et al., LightGBM: a highly efficient 
gradient boosting decision tree. In: Proceedings of the 31st Inter-
national Conference on Neural Information Processing Systems, 
Long Beach, California, USA, 2017, Curran Associates Inc., pp. 
3149–3157

 54. B. Pritychenko, M. Birch, B. Singh et al., Tables of E2 transition 
probabilities from the first 2+ states in even-even nuclei. At. Data 
Nucl. Data Tables. 107, 1–139 (2016). https:// doi. org/ 10. 1016/j. 
adt. 2015. 10. 001

 55. H.L. Crawford, P. Fallon, A.O. Macchiavelli et al., First spectros-
copy of the near drip-line nucleus 40Mg . Phys. Rev. Lett. 122, 
052501 (2019). https:// doi. org/ 10. 1103/ PhysR evLett. 122. 052501

 56. S.M. Lundberg, S.-I. Lee, A unified approach to interpreting 
model predictions. In: Proceedings of the 31st International Con-
ference on Neural Information Processing Systems, Red Hook, 
NY, USA: Curran Associates Inc., pp. 4768–4777 (2017)

Springer Nature or its licensor (e.g. a society or other partner) holds 
exclusive rights to this article under a publishing agreement with the 
author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of 
such publishing agreement and applicable law.

https://doi.org/10.1007/s11433-024-2406-4
https://doi.org/10.1007/s11433-024-2406-4
https://doi.org/10.1103/PhysRevC.103.034621
https://doi.org/10.1103/PhysRevLett.123.122501
https://doi.org/10.1103/PhysRevLett.123.122501
https://doi.org/10.1103/PhysRevC.106.L021304
https://doi.org/10.1103/PhysRevC.106.L021304
https://doi.org/10.1088/1361-6471/ab9f58
https://doi.org/10.1088/1361-6471/ab9f58
https://doi.org/10.1103/PhysRevC.104.054303
https://doi.org/10.1103/PhysRevC.99.064307
https://doi.org/10.1103/PhysRevC.99.064307
https://doi.org/10.1007/s41365-023-01354-5
https://doi.org/10.1007/s41365-022-01153-4
https://doi.org/10.1103/PhysRevC.100.054326
https://doi.org/10.1103/PhysRevC.100.054326
http://arxiv.org/abs/1803.03215
http://arxiv.org/abs/1803.03215
https://doi.org/10.1088/0954-3899/43/11/114002
https://doi.org/10.1088/0954-3899/43/11/114002
https://doi.org/10.1103/PhysRevC.102.054323
https://doi.org/10.1103/PhysRevC.102.054323
https://doi.org/10.1103/PhysRevC.101.014304
https://doi.org/10.1103/PhysRevC.101.014304
https://doi.org/10.1016/j.physletb.2021.136147
https://doi.org/10.1016/j.physletb.2021.136147
https://doi.org/10.1088/1674-1137/44/1/014104
https://doi.org/10.1088/1674-1137/44/1/014104
https://doi.org/10.1103/PhysRevC.109.024601
https://doi.org/10.1103/PhysRevC.109.024601
https://doi.org/10.1007/s12648-021-02099-w
https://doi.org/10.1007/s12648-021-02099-w
https://doi.org/10.1016/j.physletb.2022.137154
https://doi.org/10.1016/j.physletb.2022.137154
https://doi.org/10.1016/j.adt.2015.10.001
https://doi.org/10.1016/j.adt.2015.10.001
https://doi.org/10.1103/PhysRevLett.122.052501

	Prediction of the first  states properties for atomic nuclei using light gradient boosting machine
	Abstract
	1 Introduction
	2 Methodology
	3 Results and discussion
	4 Summary
	References




